Heterogeneity between individual cells is a common feature of dynamic cellular processes, including signaling, transcription, and cell fate; yet the overall tissue level physiological phenotype needs to be carefully controlled to avoid fluctuations. Here we show that in the NF-κB signaling system, the precise timing of a dual-delayed negative feedback motif [involving stochastic transcription of inhibitor κB (IκB)-α and -ε] is optimized to induce heterogeneous timing of NF-κB oscillations between individual cells. We suggest that this dual-delayed negative feedback motif enables NF-κB signaling to generate robust single cell oscillations by reducing sensitivity to key parameter perturbations. Simultaneously, enhanced cell heterogeneity may represent a mechanism that controls the overall coordination and stability of cell population responses by decreasing temporal fluctuations of paracrine signaling. It has often been thought that dynamic biological systems may have evolved to maximize robustness through cell-to-cell coordination and homogeneity. Our analyses suggest in contrast, that this cellular variation might be advantageous and subject to evolutionary selection. Alternative types of therapy could perhaps be designed to modulate this cellular heterogeneity.
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network topology | NF-κB | biological oscillations | feedback regulation | paracrine signaling A key question is how biological function emerges from a dynamic population of cells when high levels of cellular heterogeneity are often observed. The overall tissue-level phenotype arising from the cell population average needs to be carefully controlled. Noise originates from stochastic processes when there are low numbers of molecules, such as in transcription, where there are normally only two copies of each gene per cell (1) (2) (3) . It has generally been thought that tissue-level control requires cells to form a relatively homogeneous population. Such homogeneity could arise either from a high probability of individual cells being in the same state or from positive feedback coordination through cell-to-cell paracrine signaling entraining the dynamic responses of the cell population (4) . For example, individual neurons lose circadian clock synchrony when separated from each other, but the intact tissue shows a robust and precise 24-h rhythm (5, 6) .
The NF-κB family of transcription factors critically regulates innate immunity and inflammation and has a key role in cell division and cell death (7) . NF-κB must rapidly decode extracellular signals and encode intracellular information to regulate individual cell fate decisions (8, 9) . NF-κB also regulates the production and secretion of cytokines that play a key role in amplification and propagation of inflammatory responses (10, 11) . Therefore, the overall population response to a given dynamic stimulus requires precise spatial and temporal control.
We previously applied time-lapse single cell imaging to show that NF-κB signaling in response to TNFα stimulation involves oscillations of the transcription factor between cytoplasm and the nucleus of cells (12) (13) (14) . This behavior is maintained in mouse embryonic fibroblasts (MEFs) from transgenic animals (15) . Like Ca 2+ signaling (16) , the frequency of NF-κB oscillations coordinates differential gene expression (12) . This suggests that the maintenance of robust oscillations is a fundamental functional property of the NF-κB system. Although the initial response is synchronized, the later oscillations are asynchronous between cells and therefore are not readily discerned by population level analyses (17, 18) . A three-feedback stochastic model of the NF-κB system was applied to show that the variation in NF-κB dynamics may arise through stochastic transcription of negative feedback genes, including inhibitor κB (IκB)-α, A20 and especially IκBε (12) , which was thought to be particularly relevant (19) . TNFα-induced transcription of IκBε has been found to be delayed relative to IκBα by around 45 min (12, 18) , creating a characteristic dual negative feedback motif (20) (Fig. 1A) in the network structure. We suggested that this IκB motif gives rise to substantial cell-to-cell heterogeneity (12) . In support of this theoretical prediction, it has been shown that MEF cells lacking IκBε show enhanced oscillation dynamics in DNA binding at the cell population level (18) . We propose that this arises from enhanced cell-to-cell oscillation synchrony (12) .
Results

Timing of the Dual Negative IκB Feedback Motif Is Stimulus-Dependent.
In the present study, we examined the kinetics of IκBα and IκBε activation by quantitative RT-PCR in MEF and SK-N-AS (human S-type neuroblastoma) cells in response to three stimuli that could induce single-cell NF-κB oscillations (Fig. S1 ). In both cell lines, transcription of IκBε was delayed with respect to that of IκBα in response to the proinflammatory cytokines TNFα and interleukin 1 beta (IL-1β), but not phorbol ester differentiation factor phorbol 12-myristate 13-acetate (PMA) ( Fig. 1 B-D and Fig. S2 ). Although the IκBα transcript level increased immediately after stimulation with either TNFα or IL-1β, reaching its maximum as early as at 30 min in response to IL-1β, IκBε showed no response before 35 min and a maximum at about 120 min after either treatment. The gradual population-level increase of IκBε mRNA between 30 and 60 min after stimulation suggested that, although showing a consistent 45-min average time delay in IκBε transcription (12, 18) , this delay might vary significantly between individual cells, perhaps due to a stochastic initiation of transcription. In contrast, PMA treatment showed a relatively delayed transcription of both IκBα and IκBε genes so that both feedback arms were activated concordantly about 45 min after stimulation ( Fig. 1D and Fig. S2C ). These data suggested that an important component of the NF-κB signaling network, the timing of the double negative IκB feedback, is stimulus-dependent.
IκB Feedback Motif Controls Heterogeneity of NF-κB Oscillation
Timing Between Individual Cells. To theoretically investigate how the network topology contributes to the dynamic properties of NF-κB signaling, we constrained the structure (21) (Fig. S3 , Tables S1 and S2) and parameters (Table S3 ) of a previously described stochastic model (12) and fitted to population data obtained from MEF cells (SI Appendix). We assumed that kinetic differences between the IκBα and IκBε isoforms originated from their transcriptional regulation. This model closely recapitulated the experimental data (nuclear NF-κB, total IκBα, IκBε, and A20 protein and mRNA, and IκB kinase (IKK) activity levels) obtained under a series of genetic conditions (WT, IκBα ) and stimulation protocols (chronic and pulses of TNFα of varying duration and frequency) (12, 17, 18, (22) (23) (24) (Figs. S4, S5 , S6, S7 and S8). The comparison between simulations and previously published experimental data from populations of WT and IκBε knock-out MEFs (18) showed a qualitative change in system dynamics (damped vs. persistent oscillations, respectively), which depended on the network topology (Fig. S4 ). In agreement with simulations from our previous model (12) , we found that these population level responses were determined by the heterogeneity of single cell oscillations and orchestrated through the dual negative IκB feedback motif ( Fig.  2A and Figs. S9 and S10). The 45-min transcriptional delay between activation of redundant IκBα and IκBε feedback loops did not substantially change the average timing or amplitude of NF-κB oscillations but specifically affected heterogeneity in the cellto-cell timing (and therefore phasing of the oscillations) ( Fig. 2B and Fig. S11) . Ablation of the IκBε negative feedback therefore resulted in increased cell-to-cell homogeneity of oscillation timing and elicited more persistent population-level NF-κB oscillations.
Timing of IκBε Transcriptional Delay Is Optimal for Inducing Cellular
Heterogeneity. Given the apparent key role of the delayed IκBε feedback loop for the generation of cell-to-cell heterogeneity, we tested the effect of altering the timing of the IκBε delay on the emergent dynamics of the system (Fig. S12 ). This analysis showed that the 45-min IκBε transcription delay is optimal for generation of cellular variation in oscillation timing. A substantial decrease in heterogeneity (shown as the nuclear NF-κB peak3 to peak4 oscillation timing Fano factor: variance normalized by mean timing) to a level comparable to complete removal of the IκBε feedback loop was observed when the IκBε time-delay was increased or decreased by as little as 15 min (Fig. 3A) . If this delay was varied further, the cells became even more synchronous. The heterogeneity was still maximized when the delay time in the population was distributed around 45 min ( Fig. 3B and Fig. S13 ). The heterogeneity of the NF-κB oscillation timing is proposed to originate from stochastic processes driven by the transcriptional activation of individual feedback genes (SI Appendix). The model suggests that the optimal timelag between the two IκB feedback loops results in substantially increased variability because of the contribution of stochastic noise from each feedback loop (Fig. 3A) . When the two feedbacks operated more in phase (with suboptimal delay), the coincidence of the two negative feedback loops reinforced homogeneity, leading to more synchronized cell dynamics.
IκBε Feedback Maintains Robust Single-Cell NF-κB Oscillations. We next compared the ability of WT and IκBε knock-out conditions to maintain oscillations. We previously showed experimentally that the persistence, amplitude, and oscillation period in WT cells was not affected by the NF-κB level (25) . A detailed analysis of the peak-to-peak timing over an 18-fold range in NF-κB expression level predicted that IκBε knock-out cells exhibited a much larger sensitivity to the NF-κB expression level than WT cells ( Fig. 4A and Fig. S14 ). Above an approximately 2.5-fold expression level, oscillations in IκBε-deficient cells ceased, whereas oscillations in WT cells for equivalent and higher expression levels were maintained (Fig. S15) . To test the response to other perturbations to the system, we also varied each of the model parameters by two-fold (Fig. S16, Fig. S17 , Fig. S18 and Fig. S19 ) and analyzed selected features (peak amplitude and periodicity) of single cell NF-κB oscillations (SI Appendix). We found that a group of key parameters (c1a, c2a, c3a, kc2a, c1, c2, c4, kp, ki, kii) (Table S3 ) related to levels of IκBα, A20, and IKK activity controlled NF-κB kinetics in both WT (26) and IκBε knock-out cells (Fig. S20) . Importantly, the IκBε knock-out condition showed substantially increased sensitivity to single parameter changes for all oscillatory features, compared with WT ( Fig. 4 B (Fig. S21) .
Heterogeneity of NF-κB Signaling Minimizes Fluctuations in TissueLevel Paracrine Levels. Temporal and spatial coordination of tissue during an inflammatory response is largely controlled by secretion of paracrine factors by various cell types including fibroblasts (10, 27) . Cytokines such as TNFα are early transcriptional targets of NF-κB (28) . This represents an important intercellular positive feedback loop that reinforces activation of the system (Fig. 5A ). Although this paracrine/autocrine signaling can contribute to amplification and propagation of inflammatory signals (11) , this class of positive feedback motif has been suggested to decrease the robustness to perturbations and promote instability (20, 29, 30) . Therefore, asynchronous NF-κB oscillations may reduce population-level fluctuations in cytokine production, whereas synchronous NF-κB oscillations might lead to an increased risk of uncontrolled inflammatory responses occurring, such as in septic shock (31) . We showed that altering the timing of the dual IκB feedback motif had a substantial effect on the level of cellular heterogeneity (Fig. 3) . The resulting population level kinetics of NF-κB varied from a strongly damped (in WT) to very persistent (5-min delay in IκBε transcriptional initiation) oscillations (Fig. 5B) . Therefore, we asked whether the timing of the dual IκB negative motif might affect the population level dynamics of a putative paracrine signal (e.g., a cytokine, such as TNFα). We built a model to simulate the regulation of the putative NF-κB-inducible paracrine gene (using an open feedback loop) and then studied simulated single cell paracrine oscillations (SI Appendix). Many paracrine gene products appear to have short half-lives [for instance 10-min mRNA (10) and 6-min protein half-life of TNFα (24, 32) ]. As a consequence, when single cell dynamics were simulated using short mRNA and protein half-lives for the putative paracrine factor, the output levels of the protein showed significant fluctuations, which were directed by the NF-κB oscillations. Simulated data show that at the population level, the degree of cell-to-cell synchrony would significantly affect the degree of fluctuation in the average paracrine protein level (Fig. 5 C and D) . Under these circumstances, our simulations suggest that the IκB dual delayed negative feedback motif may be responsible for smoothing population-level fluctuations in paracrine expression. This effect was exemplified by very broad bivariate distributions of peak amplitude and timing in WT, when compared with the IκBε knock-out, or the system with an altered delay time (Fig. 5E ). This analysis showed that altering the relative delay of IκBε in the dual IκB negative feedback motif might promote persistent population-level fluctuations in paracrine signaling. This could potentially be very important across a tissue for minimizing potentially damaging peaks in cytokine levels that could lead to out-of-control inflammation.
Discussion
Understanding how the topology of genetic networks contributes to the emergence of biological function is a fundamental problem in systems biology (20, 33, 34) . Topological complexity is exemplified by the NF-κB signaling network, which critically regulates not only the fate of individual cells but also overall population responses during inflammation (7) .
In this study we analyzed the functional role of the dual-delayed IκB negative feedback motif in NF-κB signaling. We showed that this motif is critical in the maintenance of robust single cell oscillations in response to inflammatory cues by decreasing system sensitivity to parameter variation (Fig. 4) . We also showed that the timing of the delayed IκB feedback was optimized to maximize the heterogeneity of NF-κB oscillation phasing between individual cells (Fig. 3) . Through the simulation of a putative paracrine feedback, we predict that this heterogeneity would be recapitulated by the temporal heterogeneity of paracrine signal secretion by single cells, thus minimizing population-level paracrine fluctuations (Fig. 5 ). We therefore hypothesize that the NF-κB signaling system is optimized to minimize fluctuations in tissue-level responses and to promote tissue robustness and coordination through generation of cellular heterogeneity. . Shown are averages of individual sensitivity coefficients normalized by the number of model parameters, Eq. S8, calculated for amplitudes (peak1, peak2, peak3) and peak timings (peak1 timing, peak2 timing, peak3 timing) of nuclear NF-κB. Forty-seven system parameters (in WT) and 33 parameters in IκBε Our data suggest that the network topology of the NF-κB signaling system is stimulus-dependent. In contrast to treatment with cytokines TNFα and IL-1β, the synthetic stimulus PMA failed to induce the 45-min time delay between transcription of IκBα and IκBε genes ( Fig. 1 B-D) . It is predicted by our in silico analysis that this timing affects the cellular heterogeneity of NF-κB oscillations and the ability of single cells to induce NF-κB oscillations (Figs. 3 and 4 and Figs. S16, S17, S18 and S19). Therefore, we hypothesize that the topology of the NF-κB network has structurally evolved to allow generation of a stimulusspecific tissue-level phenotype, which is required for appropriate propagation of the inflammatory cues, while simultaneously maintaining functional responsiveness of individual cells through maintenance of single cell oscillations.
Inflammatory processes are dynamic (4) and often exhibit oscillatory behavior both at the individual cell [such as NF-κB (13) and Ca 2+ (16) ] as well as at the organism level [e.g., periodic fevers during malarial infection (35)]. Other systems also exhibit oscillatory dynamics including the tumor suppressor p53 (36, 37) and ERK, a regulator of cell proliferation (38) . Both exhibit asynchronous oscillations at the single cell level, similar to the NF-κB system (albeit with a different periodicity, 5.5 h and 15 min, respectively). In one study, tissue level oscillations of p53 were shown to be relatively synchronous following treatment with high dose ionizing radiation [as visualized by whole body imaging of transgenic mice expressing a p53 luciferase reporter (39) ]. These data might suggest the presence of positive tissuelevel feedback. It remains to be seen whether this system might also have a similar dual-delayed negative feedback motif. The functional significance of the damped tissue-level kinetics has not been established before in other characterized oscillatory systems such as p53. This may reflect unique properties and functional requirements for inflammatory responses.
Heterogeneity is a common feature of cellular processes. For example, individual eukaryotic cells exhibit noisy bursts of transcription (40) . Oscillations in ERK in single mammalian cells (38) and Crz1 in yeast (41) are extremely noisy. Cell division and apoptosis also exhibit extreme heterogeneity, which might be a common feature of important cellular systems and complex diseases including cancer (29) . It has often been thought that dynamic biological systems may have evolved to maximize robustness through intercellular coordination and homogeneity. In contrast, we propose that network topology in key signaling and regulatory systems may have evolved to give biological stability in acute tissue level responses that are made up from the average of highly heterogeneous single cell processes. This raises the interesting concept that genes or proteins specifically involved in the generation of cellular heterogeneity might constitute an alternative class of drug target. For example, drugs to alter heterogeneity in cancer cells might render a greater proportion of cells susceptible to therapeutic intervention.
Materials and Methods
Materials. Recombinant mouse and human TNFα and IL-1β were supplied by Calbiochem. PMA was from Sigma. Tissue culture medium was supplied by Invitrogen and FCS was from Harlan Sera-Lab.
Cell Culture. WT MEF cells (received from Ron Hay, University of Dundee, Dundee, United Kingdom) and SK-N-AS cells were grown as described previously (12) .
qRT-PCR. Cells were seeded in 60-mm tissue culture dishes at 350,000 (MEF) or 500,000 (SK-N-AS) per dish and grown in an humidified atmosphere and 5% CO 2 , and stimulated 24 h postplating with 10 ng/mL of TNFα, 10 ng/mL IL-1β or 100 μM of PMA. RNA was isolated using the RNeasy Mini Kit (Qiagen) and quantified with the Nanodrop ND-1000 Spectrophotometer (Thermo Fisher Scientific). 1 μg of total RNA from each sample was reverse transcribed using the SuperScript Vilo cDNA synthesis kit (Invitrogen). For qRT-PCR, 10 ng cDNA were used per reaction (total 20 μL), with DNA amplified with Lightcycler 480 Sybr Green 1 Master Mix (Roche). Relative quantification of gene expression was obtained by using the gene encoding Cyclophilin A as an endogenous control. Primer sequences for SK-N-AS samples were described previously (12) , and MEF primer sequences were (5′-3′); IκBα forward ACA-GGGTAACCTACCAAGGC and reverse CTGCTGTATCCGGGTACTTG, IκBε forward CTGTGCTGAATGTAGAAGA and reverse CATAGCAGTGGTTTGCCGGA, Cyclophilin A forward GCCGCGTCTCCTTCGA and reverse CGAAAGTTTTC-TGCTGTCTTTGG.
Fluorescence Microscopy. Confocal microscopy was carried out as described previously (12) using a 40× objective. Cells were treated with 10 ng/mL of TNFα or IL-1β, and 16 μM of PMA 24 h posttransfection. CellTracker version 0.6 was used for data extraction (42) . For RelA fusion proteins, mean fluorescence intensities were calculated for each time point for both nuclei and cytoplasm then nuclear:cytoplasmic (N:C) fluorescence intensity ratios were determined.
Mathematical Modeling. In this work, we extended (SI Appendix) our previously described three-feedback stochastic model of NF-κB signaling network (12) . The current model was fitted to data in MEF cells (12, 17, 18, (22) (23) (24) obtained for saturated doses of TNFα (above 1 ng/mL) and incorporates a kinase IKKK in the transduction pathway leading to IKK activation (17) .
The mathematical representation consists of coupled chemical reactions describing formation, dissociation and degradation of molecular complexes, transport between cellular compartments, transcription, translation, and regulation of gene activity. To aid model simulations, we developed a hybrid simulation algorithm that involves partitioning into fast and slow reactions (43) and subsequently considers a nonMarkovian delay introduced by transcription of IκBε gene (44) . Stochasticity in the model arises because there are only two copies of IκBα, IκBε, and A20 feedback genes (3). We assumed that the probability of transcription factor binding at the promoter was proportional to the amount of nuclear NF-κB, whereas the dissociation probability depends on the level of nuclear IκBs (45) . These probabilities imply that a single model simulation is a specific realization of an underlying stochastic process and therefore is directly comparable to the single-cell time-lapse microscopy data (12, 13) . Population-level responses are recapitulated by ensemble averages.
Mathematical models were implemented and simulated in Matlab R2009a environment. Equation files and simulation routines are available for downloading at http://www.liv.ac.uk/bio/research/groups/cci/.
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Supplementary Figures and Legends
Section A: Heterogeneity of NF-κB oscillation timing
TNFα, IL-1β and PMA showed the ability to induce NF-κB oscillations in SK-N-AS cells ( Figure S1 ). In response to these stimuli single cells exhibited NF-κB translocations of similar timing, but different amplitude. While the TNFα induced oscillations of largest amplitude (N:C ratio of 6 of the first nuclear translocation), PMA-induced translocations were relatively much less apparent (N:C ratio below 1). In addition we assessed kinetics of IκBα The dual negative IκB feedback motif is the core element of the stochastic 3-feedback model of NF-κB signalling ( Figure S3 ). The model was fitted and validated for the published population-level data in mouse embryonic fibroblasts (see Figure S4 - Figure S8 for direct comparison). Figure S9 ), A20 affects the tail activity of IKK (a vs. b). A20 deficient mice are unable to down-regulate IKK activity, which efficiently degrades IκBα (h) and promotes nuclear NF-κB localization (e). To the contrary, a low tail of IKK activity in wild-type cells is not sufficient to degrade the inhibitor (g), and thus after the first nuclear translocation NF-κB reconstitutes in the cytoplasm after 60 min (d). The mathematical model was able to recapitulate persistent population-level oscillations of nuclear NF-κB in IκBε knock-out MEFs and damped oscillations in wild-type cells after continuous TNFα treatment ( Figure S9 ). The degree of dumping exhibited at the population level was a function of heterogeneity between individual cells. There were persistent oscillations of nuclear NF-κB (and out of phase oscillations of total IκB levels) in both single wild-type and IκBε knock-out cells that differed in the degree of synchronization between single cells ( Figure   S10 ). Only the variability of the oscillation timing ( Figure 2B ) was altered by the ablation of IκBε feedback, the amplitude and its variability (assessed by Fano factor) as well as timing of these oscillations were not affected ( Figure S11 ). 
Section B: Effect of variable IκBε transcriptional delay
In Figure 3 we showed that the duration of the IκBε delay affects the heterogeneity of single cell NF-κB oscillation timing. In Figure S12 we showed corresponding population level kinetics. Subsequently, we analyzed how distributed delay time in the population affected cellular heterogeneity ( Figure 3B ). We assumed that while remaining constant in an individual cell, IκBε transcriptional delay can vary between different cells. In Figure S13 we showed randomized histograms of delay times drawn from normal distributions and corresponding population averages of nuclear NF-κB. 
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Section C: Single cell sensitivity to parameter variation
We investigated the role of IκBε feedback loop in maintaining nuclear NF-κB oscillations. We found that oscillation timing as well as its variability was much more sensitive to changes in NF-κB expression level in IκBε knock-out compared to the wild-type ( Figure S14 ). Indeed, above a ~2.5-fold expression level, oscillations in IκBε-deficient cells ceased, whereas oscillations in wild-type cells for equivalent and higher expression levels were maintained ( Figure S15 ). 6-fold range of NF-κB expression considered: 30,000 molecules (0.5-fold change with respect to the nominal value of 60,000 molecules, 60,000 (1-fold), 90,000 (1.5-fold), 120,000 (2-fold), 150,000 (2.5-fold) and 180,000 (3-fold), respectively.
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Each of 47 model parameters were independently changed (33 in the IκBε knock-out) by 2-fold with respect to its nominal values. As showed in Figure S16 - Figure S19 , despite maintaining single cell oscillations for all the conditions tested, the population level trajectories exhibited substantial departures from those obtained with nominal parameterization. We found that the effect of a change in a particular parameter often depended on the direction of change, e.g., oscillations could be substantially affected by a decrease, but not an increase of IκBα mRNA transcription rate (c1a, Figure S16 and Figure S18 ). Figure S20 . This data was used to select 8 most sensitive parameters that controlled NF-κB oscillations through level of IκBα or IKK. When these parameter values were changed by 3-fold we found that, the wild-type cells were able to maintain single cell oscillations whereas IκBε knock-out cells were not (similar to simulations where NF-κB expression level was altered). Thus, eliminating IκBε made oscillations in the system less robust. Table S3 ). Table S1 for description of model variables). The exact method to simulate a time-evolution of such systems involves a stochastic simulation algorithm (47), however it proves to be computationally limited. Instead we developed a hybrid simulation method that relies on partitioning reactions into fast and slow (44) and subsequently consider a non-Markovian delay introduced by transcription of IκBε gene (45) . Fast reactions describing evolution of mRNA transcripts and protein molecules are modeled with ODEs (see Table S2 for list of equations), while slow reactions describing regulation of IκBα, IκBε and A20 gene activity are considered stochastic.
We assume that each gene has two independent homologous copies and can exists in either an on or an off state, determined by the state of transcription factor binding (48) .
Let
denote the binary state of a promoter of single gene copy: 
We assume that in the case of A20 and IκBα, the transcriptional activation of the gene is equivalent to NF-κB binding at its promoter, Eqs. 
The total propensity function r(t) for the occurrence of any of the binding or dissociation reactions is given by 
Section B: Simulation algorithm
Algorithm incorporates scheduled delayed reactions into the distribution of the next reaction waiting time (45) . The algorithm reads: the total propensity r(t) also depends on any scheduled reactions. Therefore, r(t) is calculated in adjacent time 
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Section C: Model simulations
We initialize the system with total NF-κB complexed to IκBs in the cytoplasm, and IKKK and IKK initialized in their neutral forms (all other state variables are set to zero).
Prior to TNFα stimulation we follow single cells for time t uniformly distributed on the interval from 15 to 25 hours. Due to the natural degradation of IκBs and the resulting basal NF-κB translocations sensitivity to any initial conditions is lost (51) . Simulation of a single cell on a standard PC in Matlab R2009a environment takes about 2 minutes for the wild-type and 1 minute for IκBε knock-out. In Figure S22 and Figure S23 we show the time evolution of main variables in the system upon chronic TNFα stimulation for wild-type and IκBε knock-out both at the single cell as well as the population level. 
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For the sensitivity analysis, we simulated 500 cells for each of the parameters changed, which would require about 100 simulation days. We reduced this time 20-fold by initializing single cells with average initial conditions calculated based on ensemble of 500 cells.
Section D: Parameterization and model validation
The model utilized herein was fitted and validated for the published data in mouse embryonic fibroblasts. In Table S3 we list model parameters and their references. About a third (mainly IκBα, A20 and gene activation rates) of total of 50 model parameters was adapted from the previous models both deterministic (1, 52) and stochastic (21, 51) , which were fitted for smaller amounts of data. For the IκBε, we assumed rates identical to that of IκBα with exception of the transcription rate that was fitted to reflect about 2:1 ratio between corresponding IκB protein levels in resting cells (18) . All other parameters (mainly IKK and IKKK) were fitted manually to recapitulate population level kinetics of the system based on the published data in MEFs in different genetic conditions (WT,
IκBα-/-, IκBε-/-, A20-/-)
and stimulation protocols (chronic TNFα or pulses of different duration and frequency) (1, 17, 18, 22, 23, 24) . The model can faithfully reproduce the time-evolution of essentially all experimentally measured variables in the system including levels of nuclear NF-κB; IκBα, IκBε, A20 mRNA transcript and protein; IKK kinase activity (IKKa) (see Figure S4 - Figure S8 for direct comparison).
Despite some data showing specificity for various NF-κB dimers (53) and differential efficiency of IKK-mediated degradation (54-56), we assumed that kinetic differences between IκB isoforms originate only from their transcriptional regulation. This assumption is supported at least in part by the observation that the IκBβ gene expressed from IκBα promoter can recapitulate wild-type NF-κB kinetics in IκBα null mice (57) .
Simulation of IκBα knock-out cells by 15-min pulse of TNFα showed that the NF-κB is removed from the nucleus about 1h faster when compared to the experiment, Figure S4f, suggesting that in fact the efficiency of the IκBε to inhibit NF-κB is smaller than that of IκBα. Unfortunately, we cannot uniquely indentify the parameter(s) responsible for this effect solely based on the model. However, by performing sensitivity analysis we provided evidence supporting model assumption (see Figure S20 for wild-type). In agreement with previous reports (26), we found that transcription, translation, mRNA and protein degradation rates of IκBα and A20, IKK-mediated phosphorylation of the IκBα|NF-κB complex, as well as IKK activation rates were the most sensitive parameters.
Importantly, IκBε kinetic rates showed relatively less sensitivity comparing with other parameters when varied over a 4 fold range than that of IκBα, A20 and IKK.
Section E: Sensitivity analysis
Based on the stochastic model of the NF-κB system, we utilized sensitivity tools to analyze single cell rather than population level behavior (26) . We independently varied each of the 47 system parameters (as numbered in Table S3) Due to the stochastic nature of the model, we obtained a distribution of values for each parameter variation; therefore the sensitivity coefficients utilized herein express functions of first two moments of these distributions:
where F is a feature selected, i=1,…47, denotes parameter analyzed, '+' and '-' indicates increase and decrease of parameter's value, respectively. To measure an average sensitivity per model parameter we also introduced average sensitivity coefficients given by:
where k is order of sensitivity coefficient, N is number of parameters (47 in wild-type and 33 in IκBε knock-out).
Section F: Analysis of the paracrine signaling in the open feedback loop
In Figure 5 we analyzed the regulation of a hypothetical paracrine gene in the open feedback loop. Let be the tertiary state of paracrine gene promoter. We assume that, as in the case of A20 and IκBα, the transcriptional activation of the paracrine gene is equivalent to NF-κB binding at its promoter, i.e., .
The activation and inactivation propensities of a gene are analogical to Eq. S4: 
The paracrine gene is parameterized to mimic kinetics of TNFα production. The half-life of newly synthesized TNFα mRNA upon TNFα stimulation was reported to be 10min
(12) and we adopted this value in the model (c3p). For the TNFα protein half-life (c4p) various estimates has been reported ranging from 45 to 6min (24, 32). 35
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